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INTRODUCTION
Technology product markets are characterized by the rapid introduction of new products and withdrawal of old ones. Such rapid changes in the portfolio of models sold under a brand name are likely to have a significant effect on the performance of the brand, especially if such changes usher in innovative new products. For example, Sony's introduction of the Mavica line of digital cameras with the easy to use floppy disk storage feature has been widely cited as one of the reasons behind its success in the digital camera market (Wall Street Journal 1999) . In addition to the changes in the portfolio of models sold under a brand name, the intrinsic preference for the brand name can change over time in response to the firm's marketing actions as well as due to environmental factors. Alternatively, the diffusion of the product innovation may alter the composition of consumers remaining in the market, thereby altering preferences for the brands in the market.
In view of these changes, managers in many technology product-markets are faced with a variety of challenges. The first challenge for managers is related to monitoring and tracking the dynamics in brand or firm preferences over time. In practice, intrinsic brand preferences are generally inferred from tangible performance measures such as sales after accounting for the effects of other factors that may have influenced these tangible measures (see, for example, Kamakura and Russell 1993) . Given the rapid introduction and withdrawal of models, one needs to, while measuring the dynamics in brand preferences, partial out the effect of the changing portfolio of models on a brand's performance. For example, as mentioned earlier, the introduction of the Mavica line of digital cameras by Sony helped it obtain market leadership and the effect of such changes in product line need to be accounted for. Moreover, given that the markets for technology products rapidly evolve over time , we usually observe some interesting dynamics in the performance of the key brands over time. For example, in the context of digital cameras, while Casio, the first brand to enter the market, moves from the position of market leader at the beginning of the data to being the lowest selling brand at the end of the data, Sony registers a steady increase in sales. Such dynamics raise the following question: Were these dynamics primarily driven by the changes in the intrinsic brand preferences or by modifications in the product line? The answer to this question lies in assessing the relative influence of product line and intrinsic brand preferences on the performance of brands in this category. Further, assessing the relative influence of the product line and of intrinsic brand preferences on the brand's performance is also of interest to managers to guide them on which aspect is to be emphasized in order to improve performance of the brand. Such an assessment requires an understanding of the drivers of preferences over time. Extant research (see, for example, Jedidi, Mela, and Gupta 1999) recognizes the importance of advertising in influencing brand preferences. Hence, a rela ted issue of interest to managers is the understanding of the role of advertising in driving the dynamics of brand preferences.
Second, notwithstanding the rapid introduction and withdrawal of models and changing consumer preferences, managers need to evaluate to effects of product attributes and marketing activities on the performance of the brand's models in the marketplace. A related issue is the need to assess the effects of attribute improvements as well as the introduction of new models with enhanced product attributes on the performance of the brand. Given the high cost of new product development (Urban and Hauser 1993) , managers in technology product-markets would like to quantify the potential benefits from developmental efforts leading to attribute improvements so as to evaluate their feasibility. Ofek and Srinivasan (2002) obtain the market value of attribute improvement that can be compared with its marginal cost in order to assess the return on such an improvement. Given the substantial fixed cost involved in product development, in addition to the marginal cost, managers also need to assess whether such attribute improvements can recover product development costs.
In this paper, we develop a demand model for technology products that aims to address the above issues. To accommodate the presence of multiple models at different points in time from a few (stable) brands (firms), we use a nested logit model with the brand (e.g., Sony) at the upper level and its various models (e.g., Mavica, FD, DSC, etc.) at the lower level of the nest.
1 Relative model preferences are captured via their attributes and prices. Thus the inclusive value across models in the nested logit reflects the attractiveness of the brand's product line. This attractiveness changes over time with entry and exit of models as well as due to changes in attribute and price levels. At the upper level of the nest, brand-level preferences are driven by the inclusive value across models as well as the intrinsic preferences for each of the brands. The model also includes an outside good that allows for no-purchase in the product category.
Further, as the time period of our data represents the early part of the life cycle of the product category analyzed (digital cameras), it is important to account for the intrinsic growth or diffusion of the product.
To allow for time-varying intrinsic preferences at the brand level, we use a state -space model based on the Kalman filter. This Kalman filter component captures the dynamics of the intrinsic brand preferences as influenced by marketing actions such as advertising. In this manner, not only are we able to allow for changing brand preferences but we can also understand the role that advertising plays in driving these preferences. By combining the nested logit model with the state-space specification, within a single demand framework, we are able to address the key issues facing managers in technology productmarkets identified earlier. While the brand level of the model captures the dynamics in the inclusive value and the brand preferences, the lower model choice part evaluates the tradeoffs consumers make between different attributes and thus enables us to quantify the consumer valuation of these attributes. For completeness, our model specification also accounts for unobserved consumer heterogeneity as well as the endogeneity in the pricing decisions of firms (Berry, Levinsohn, and Pakes 1995; Sudhir 2001) .
We estimate our model parameters on data for the U.S. digital camera market spanning 26 months from April 1997 through May 1999. While the four major brands -Kodak, Sony, Olympus, and Casio -remain stable over this time horizon, each introduced and withdrew several models. Our results reveal a high level of persistence in the intrinsic brand preferences from period to period. Advertising has a significant effect on the brand preferences for two out of the four brands studied. The implied advertising elasticities are consistent with the results published elsewhere in the literature (for example, Assmus, Farley, and Lehmann 1984) . Our estimates of the product line effect (reflected in the inclusive value of the nested logit) over time reveal that all the brands have gained from the changes in their product line over time, even if the extent of these gains vary across brands. Although the product line of a brand can be made attractive by lowering the prices of the models as well as by introducing innovative new models with enhanced benefits, the latter could be a more profitable strategy. Hence, we investigate the extent to which each of the brands relied on these instruments to make their product lines attractive.
We find that while a significant proportion of the gain due to product line changes may be attributed to decreasing prices in case of Casio, majority of the gain for Sony was due to the introduction of models with enhanced attributes. All brands except Casio also gain from increases in their intrinsic preferences, albeit to varying degrees, while Casio suffered from a declining trend in its intrinsic brand preference.
Overall, we find that the effect of the dynamics in the intrinsic brand preferences relative to that of the dynamics in the inclusive values varies across brands. While the trends in the sales of Casio and Sony are largely driven by the corresponding changes in brand preferences, in case of Kodak and Olympus, the two effects are approximately equal. Assuming plausible profit margins, we evaluate the effect of increasing the advertising expenditures for each of the brands that respond to advertising. We find that both Casio and Sony can increase their profits by increasing their advertising expenditures.
However, the time period required to recover the extra advertising expenditures in terms of increased profits varies across the two brands. The finding that increased advertising can be beneficial is in contrast to the findings in Jedidi, Mela, and Gupta (1999) who do not find an increase in advertising to be profitable. The relatively young and growing digital camera market may provide greater scope for increasing sales by increasing advertising than the mature consumer packaged goods market that study was based on. We also analyze the impact of modifying a model's (specifically, Casio QV120) attributes on its profits. Such an analysis could potentially be used to evaluate if product development efforts would be profitable (Ofek and Srinivasan 2002) .
Our research makes the following contributions to the extant literature. From a methodological perspective, we develop a dynamic model that captures the effects of changes in the portfolio of models offered by a brand as well as the dynamics in its intrinsic preference on that brand's performance. Our model parsimoniously incorporates the information pertaining to all the models offered by a brand without aggregating such information at the brand level. Substantively, our model provides insights into the relative importance of product line changes and dynamic brand preferences on the performance of the brand. Moreover, based on the model estimates, we assess the returns on changes in advertising budgets as well as product development efforts.
The rest of the paper is organized as follows. We first present a discussion of the research that is related to this paper. We then present the modeling framework and discuss its estimation using the Kalman filter methodology. Next, we describe the data and the operationalization of the variables. We then present our empirical results based on the digital cameras category and discuss their implications.
Subsequently, we discuss alternative model formulations and perform some robustness checks. Finally, we provide some concluding comments.
RELATED RESEARCH
Given our objectives of evaluating the effects of product attributes as well as capturing the dynamics in the brand preferences on consumer choice, our paper is related to three streams of research.
The first stream pertains to studies that have modeled the effect of product attributes on consumer choice.
The second stream relates to studies that seek to understand the effect of a firm or a brand's product line on its demand. The third stream corresponds to those that model dynamic or time varying parameters. In this section, we present a brief discussion of studies in each of these streams and explain how our study builds on these three streams.
In the context of consumer-packaged goods, Fader and Hardie (1996) use household level scanner data to model consumer choice amongst SKUs. Given that the SKUs differ in the levels of the different product attributes that they offer, they assess the extent to which consumers value the different attributes.
While modeling consumers' choice of automobiles using aggregate data, Sudhir (2001) accounts for the effect of automobile characteristics such as horsepower, miles per dollar, and reliability ratings on these choice decisions. Such analyses of how consumers make tradeoffs between different levels of product attributes while choosing amongst the product variants that differ in the levels of these attributes provide insights into the extent to which consumers value these attributes. Managers can then ascertain the impact of product development efforts aimed at augmenting desirable attributes. For example, in the context of new product development, Ofek and Srinivasan (2002) derive a measure of the extent to which the market va lues an attribute improvement. Such a measure can aid managers in assessing the profit impact of a product improvement.
Previous research has established the relationship between a firm's product line and the demand for its products, especially with respect to the length of the product line. For example, based on analysis of PIMS data, Kekre and Srinivasan (1990) show that a longer product line translates to higher market shares. Bayus and Putsis (1999) and Draganska and Jain (2003) find a similar posit ive impact of a firm's product line length on its demand. These studies account for the effect of a firm's product line length as an additional variable influencing its demand. By contrast, we explicitly account for the influence of the attributes and prices of individual models in a brand's product line on that brand's demand similar to Draganska and Jain (2004) . Different from those authors, we characterize in addition, the time varying nature of brand preferences as well as the role of advertising in dr iving these preferences.
There is a growing body of literature in marketing that has modeled dynamic (time varying)
parameters. In the context of consumer-packaged goods, Jedidi, Mela, and Gupta (1999) capture the dynamics in brand preferences by modeling them as a function of the advertising and promotion stock variables. They find that while advertising has a positive effect on the brand preferences over time, promotions have a negative effect. Xie, Song, Sirbu, and Wang (1997) and Putsis (1998) use a statespace model based on the Kalman filter (Hamilton 1994; Harvey 1990 ) to estimate time varying parameters in the context of new product sales. While modeling dynamic consumer preferences for product attributes in technology product markets, Neelamegham and Chintagunta (2004) estimate a dynamic linear model to capture the time varying impact of these attributes at the brand-model levelsimilar to our unit of analysis. The focus of that study is to obtain sales forecasts of the different models that account for dynamic consumer preferences for the model attributes. One limitation of that modeling approach is that the presence of a large number of brand-models requires aggregation of the data to the brand level for all models that are not the focus of the forecasting exercise. By contrast, our nesting structure permits us to have a large number of models at the lower level of the nest while at the same time accounting for dynamics at the upper brand level where the number of alternatives is few and stable over time. It is this feature at the upper level of the nest that enables us to use a state-space approach based on the Kalman filter to account for dynamic brand preferences. Moreover, in addition to monitoring the dynamics in brand preferences, we can monitor the effect of changes in a brand's product line on its demand by monitoring the changes in its inclusive value. Hence, our approach allows us to assess the relative impact of the dynamics in brand preferences and that of the product line changes on the brand's performance.
MODEL
During each period t, consumer h is faced with the decision of purchasing a digital camera offered by one of the B brands that are in the market during that period. Alternatively, the consumer can choose not to purchase any of the brands, in which case, the consumer is said to have chosen the outside or no-purchase alternative. Specifically, a consumer chooses to buy a model from the set of M bt = {1, 2, …, J bt } models offered by brand b, b = 1, 2, …, B, where J bt is the number of models offered by brand b at time t. We represent the consumer product choice behavior using the nested logit model. Under this approach the consumer's decision to choose one of the B brands or the outside alternative is a function of the consumer's idiosyncratic needs (for example, the purchase of a new computer), the preference for the brand, and the overall attractiveness of the models offered by the brand. The overall attractiveness of the models offered by the brand is derived from the model choice decision conditional on brand choice.
Thus, the nested logit model of brand choice also reflects the conditional model choice decision. Bell and Bucklin (1999) use a similar approach with scanner panel data wherein they model the category purchase decision with a model of conditional brand choice nested within. Mathematically, the unconditional probability of consumer h buying model j offered by brand b at time t is given by
where P hjbt is the unconditional probability that household h chooses to purchase model j offered by brand
π is the probability that household h chooses brand b and hjbt ϕ is the probability that household h chooses model j conditional on having decided to purchase brand b. The indirect utility that household h derives from model j offered by brand b at time t is given by 
where ρ is the correlation in the utilities that consumers derive from the models offered by the same brand. Higher values of µ m would imply higher levels of correlation, which in turn would imply that consumers tend to perceive different models offered by the same brand as similar. While a nested logit model does not imply a sequential decision process, for expositional reasons, we first discuss brand choice, the upper level of the nest, followed by model choice.
Modeling the Brand Choice Decision

Incorporating the Effect of Model Characteristics on Brand Choice
In the brand choice decision, consumer needs to choose between B+1 alternatives which includes the B brands that constitute the "inside goods" and the outside alternative. Based on the assumptions of the nested logit model, we can write the consumer h's probability of choosing brand b at time t as
Interested readers are referred to Ben-Akiva and Lerman (1985) for the derivation of Equations 4 and 5.
In Equation 4, we observe that the deterministic part of the brand's utility at time t has two components.
The first part, hbt V , is carried over from the indirect utility in Equation 2 and constitutes the consumer's utility from the brand that is independent of the models that the brand offers. The second part captures the "inclusive value" of all the models offered by the brand at time t. Ben-Akiva and Lerman (1985) show that the expression for the inclusive value in Equation 5 is the expected maximum utility of the models offered by the brand. As a brand introduces new models and withdraws old ones, it will affect the utility that the consumers derive from the brand through its effect on the inclusive value. Specifically, the expression in Equation 5 implies that the inclusive value of a brand will increase with an increase in the number of models in the brand's product line, ceteris paribus, which in turn will increase the attractiveness of the brand. This is consistent with prior findings (see, for example, Bayus and Putsis 1999 ) that an increase in the length of a brand's product line will have a positive effect on its demand. In addition, Equation 5 implies that any changes in model attributes, including price, will also affect the utility of a model and will influence the inclusive value. Thus, the modeling framework captures the effect of changes in the portfolio of models offered by a brand on the consumer's probability of choosing the brand. The term "1" in the denominator of Equation 4 corresponds to the deterministic part of the utility of the outside alternative, which has been set to zero.
Incorporating Heterogeneity and Dynamics in Brand Preferences
In addition to the dynamics in the inclusive value, ' bt V , the preference for the brand, hbt V , can evolve over time. Such dynamics in brand preferences may be influenced by marketing actions such as advertising or by environmental factors. In addition, the preference for the brand name can vary across consumers. Hence, we need to account for such consumer heterogeneity in brand preferences. In this subsection, we model both the dynamics and unobserved heterogeneity in hbt V .
(a) Modeling Heterogeneity in Brand Preferences
Recall that the consumer has the option of choosing amongst the B brands or choosing the outside alternative denoted by b = 0. For the "inside" brands, we express the preference for brand b as,
As in most technology products, with the diffusion of the innovation, we would expect some intrinsic category growth. The term t α is a time specific dummy, common to all brands and relative to the outside good, that captures the intrinsic category growth in a flexible manner without having to impose a specific functional form for such growth (e.g., via a linear and / or quadratic trend term or via a Bass-type specification). 4 Further, ß h0bt captures the household specific intrinsic preference for the brand name b, H bt is a vector of environmental factors (such as holiday season 5 ) that affect the utility for the brand, and bt ξ is a mean zero error term that captures other time varying brand-specific factors that are observed by the consumers and may influence their utility for the brand, but are unobserved by the econometrician. We can rewrite Equation 6 by decomposing it into two components: i) one that is common to all the consumers in the population, and ii) consumer specific deviation. Hence,
where ) ... ( 
The term bt
is the mean utility derived from brand b at time t and the term hb 0 β ∆ is the consumer specific deviation in the preference from this mean. The term β 0bt in Equation (8) captures the incremental utility that the average consumer derives from brand name b at time t with respect to the outside alternative and is a measure of the intrinsic preference for the brand. The parameter λ captures the extent to which the intrinsic brand preference carries over from period to period and can be interpreted as a measure of inertia in the preference for the brand. The error term bt ς captures the change in the intrinsic preference for brand b at time t that is not explained by either the carryover of brand preference from the previous period or the level of advertising. For example, the term bt ς will account for the effect of the changes in the composition of consumers remaining in the market, which in turn will alter the brand preferences. One of the implicatio ns of Equation 10 is that the effect of advertising on brand preference carries over from period to period. Such a formulation is consistent with the finding that advertising has a long-term effect on brand preference (for example, Jedidi, Mela, and Gupta 1999) and the extent of this carryover will depend on the magnitude of the parameter λ with higher values of λ implying a higher level of carryover.
Note that in Equation (10), we do not observe the values of brand preferences at each time period t, but need to estimate them. In order to obtain estimates of unobserved brand preferences for each period, we use the Kalman filter algorithm, which has been used extensively in control engineering and has been recently adopted in the marketing literature (for example, Xie, Sirbu, and Wang 1997; Putsis 1998; Naik, Mantrala, and Sawyer 1998; Akcura, Gonul, and Petrova 2004) . The Kalman filter is a recursive algorithm that is used to obtain efficient estimates of an unobserved state variable (which happens to be brand preference in our case) at each period based on the information observed at that period. The recursive nature of the algorithm enables updating the estimates of the unobserved state variables and is thus useful in obtaining time varying estimates of unobserved quantities such as brand preference. The Kalman filter is thus a two-equation system consisting of i) an Observation Equation that
relates the dynamic parameters to an observed dependent variable and ii) a System Equation that
characterizes the dynamics of the time-varying parameter. In our Kalman filter system, Equation 8 corresponds to the Observation Equation and Equation 10 corresponds to the System Equation.
Modeling the Model Choice Decision Conditional on Brand Choice
Thus far, our modeling framework has considered how consumers choose a brand of digital camera among the set of brands available. Although we have modeled the effect of the inclusive value of the models offered by a brand on the probability of consumers choosing it, we have not quantified the preferences consumers have for each of the attributes. In order to do so, we need to analyze how consumers make tradeoffs between different levels of attributes. In this subsection, we consider how consumers choose a model of digital camera from amongst the set of models offered by a brand conditional on having decided to purchase the brand. We assume that the deterministic part of the model specific utility in Equation 2, V jbt is a linear function of product attributes. Formally,
where X jbt is a vector of product attributes that can influence the choice of model j offered by brand b at time t, such as resolution, maximum number of images that can be stored, size of internal and external memory, type of storage media, size of the LCD etc. and marketing variables such as price. 7 Note that all the attributes of a model except price will be time invariant since firms tend to rename models when they modify attributes. ß is the vector of consumer taste parameters corresponding to the product attributes and jbt ξ capture the effect of omitted model characteristics such as model color. The term jbt ξ , which is assumed to have mean zero, may thus be observed by all the consumers and in turn influence their utility but is unobserved by the econometrician. We do not make any parametric assumptions on the distribution of this term. The parameters ß capture the extent to which the average consumer values the attributes.
Given the assumptions of the nested logit model, conditional on having chosen brand b, the consumer's choice of a model offered by that brand can be expressed as a multinomial logit (Ben-Akiva and Lerman 1985) . Hence, the probability that household h will purchase model j offered by brand b at time t conditional on having chosen that brand will be
where M bt is the set of models offered by brand b at time t. Given our assumption that the consumers do not differ in their valuation of model attributes, the market share of model j offered by brand b at time t conditional on having chosen the brand will be the same as an individual consumer's choice probability in Equation (12). Hence,
where s jbt|b is the conditional share of model j offered by brand b at time t. For the sake of identification, we set the unobserved model characteristics, jbt ξ , pertaining to one of the models to zero. 8 Since we do not want this base model to change from period to period, we need to fix a model that is available during all the periods of the data.
Overview of the Estimation Strategy
The system of equations 11 and 8 along with Equation 10 that characterizes the dynamics of intrinsic brand preferences are the key equatio ns used in our estimation. The objective of our estimation is to recover three sets of parameters: a) parameters . We estimate the model by using a procedure similar to the one suggested by Berry, Levinsohn, and Pakes (1995) . For a given set of the consumer valuation of attributes, Θ 3 , we V . We then recover the mean utility of brand b at time t, bt ψ using the contraction-mapping algorithm proposed by Berry et al. (1995) . The mean utilities thus recovered can be expressed as a linear function of the observed variables as in Equation (8). This corresponds to the observation equation in the state space framework. Equation (10) captures the dynamics in brand equity and corresponds to the system equation in the state space framework. This two-equation system comprising of the observation equation (8) and the system equation (10) is estimated using a Kalman filter algorithm to obtain estimates of the equity of brand j at time t, β 0bt , as well as the error term in the observation equation, ξ bt . We thus have a system of equations with error terms t
Although we do not model the pr icing decisions of digital camera manufacturers explicitly, we need to account for potential endogeneity of digital camera pricing in our estimation. The endogeneity problem will exist, especially if digital camera prices are set strategically to account for unobserved product features ( jbt ξ ), as well as brand characteristics ( bt ξ ). We thus need to use instrumental variables in our estimation in order to account for endogeneity in our estimation. The instrumental variables chosen should be such that they are correlated with price, but uncorrelated with the error term. We use 10 From the contraction mapping, we recover 
DATA DESCRIPTION AND OPERATIONALIZATION OF VARIABLES
Data
Our data consist of monthly information on unit sales and prices of digital cameras collected via store audits for a period of 26 months from April 1997 through May 1999. In addition, the data consist of information on the features of each model marketed by the manufacturers in the category. The features include, for example, the maximum resolution in mega pixels, maximum number of images that can be stored, size of internal and external memory, type of storage media, and the presence or absence of selftimer capabilities. We supplemented these with data on monthly advertising expenditures by each of the brands during the corresponding period. The advertising data were obtained from Competitive Media
Reporting. Hence, price and attribute data are at the model level (Sony DSCF1) whereas advertising data are at the brand level (i.e., for Sony across all models).
We perform our empirical analysis on the four leading brands in this category -Casio, Kodak, Olympus, and Sony. Together these brands account for over 93% of the sales in this category over the time period and the four brands were present during all the 26 months of the data. We report the descriptive statistics for the four brands in Table 1 . From Table 1 , we can see Sony has the highest market share, which is almost twice as that of the nearest competitor, Kodak. Olympus comes a close third to Kodak in terms of market share and Casio has the lowest market share. An interesting feature is that although Sony has the highest market share, it also commands the highest price. In contrast, Casio, which has the lowest market share, has the lowest average price. The ability of Sony to command a high market share despite its high price may potentially be attributed to the attractiveness of models in its product line and / or to a high intrinsic preference for the brand. It is of substantive interest to investigate which of these two plays a more dominant role in Sony's ability to command a higher price. The total advertising expenditure of the brands provides some evidence for the source of Sony's success. Among the four brands, Sony had the highest advertising expenditure while Casio had the lowest. In fact, Casio's advertising expenditure was just 7% of that spent by Sony during this period. Another possible reason behind Sony's success could be its introduction of models with floppy disk as a storage device. The convenience of floppy storage revolutionized the digital camera market and was one of the reasons behind Sony's popularity despite bulkiness and higher price (Business Week , Aug 14 2000).
Casio was the first brand to enter the market and was quickly followed by Kodak. Both these brands had been in the market for over a year at the beginning of our observation window. In contrast, Olympus and Sony entered the market two months prior to the beginning of the observation window. We report the time trend in monthly sales of these brands over the 26 months in Figure 1 . Figure 1 reveals that although Casio was the largest selling brand at the beginning of the data, its unit sales steadily decreased over time such that it ended up as the lowest selling brand at the end of the data. In contrast, although Sony has the lowest market share in the first few months, it soon overtook all the other brands to emerge as the largest selling brand. The other two brands, Kodak and Olympus exhibit a gradual increase in unit sales over time. It will thus be interesting to investigate the reasons behind these contrasting trends in sales and relative market shares of the various brands. As in most technology product markets, the average price of the models sold by each of the brands declines over time. The decrease ranges from a high of 48% for Sony to about 22% in case of Kodak. In addition, the number of models offered by each of the brands steadily increases during this period.
Operationalization of Variables
Marketing Mix Variables
We estimate the consumer valuation of five features viz., resolution, number of images, presence or absence of floppy as a storage device, amount of external memory, and the presence or absence of selftimer. We operationalized the price variable as the logarithm of the price of the model . We use the raw monthly brand advertising expenditure to characterize the advertising variable.
Market Size and Outside Alternative
Our estimation of the brand choice and conditional model choice models requires the definition of market shares. For the conditional model choice part, the market shares of the models are defined as the proportion of sales of the brand that can be attributed to that model. In case of the brand choice part, we need to define an outside or no-purchase alternative. The outside alternative corresponds to households not purchasing any of the four brands, which may include the decision of the households not to purchase in the category. In order to specify the shares, we need to define the potential size of the market. Similar to Song and Chintagunta (2003) , we assume that the total potential market size is 10 million -the number of households who use computers at home (U.S. Census Bureau 1997) because using digital cameras requires access to a computer. The respective shares are then computed from the sales of the brands and the market size as defined above.
Instrumental Variables for Price
As in Berry (1994) , we use functions of observable product attributes (excluding price) offered by the model for the conditional model choice part of the estimation and the average of the attributes offered by the models of the brand for the model choice part. In addition, we used functions of the producer price index for computer peripheral equipment (SIC code 3577) obtai ned from the Bureau of Labor Statistics as instruments in both the brand choice and the conditional model choice parts of the estimation.
RESULTS
As discussed in Section 3.4, we estimate three sets of parameters, Θ 1 , Θ 2 , and Θ 3 . We report the results for these parameters in Table 2 . We first discuss the results pertaining to the model choice conditional on brand choice. The results for the conditional model choice reveal that increasing the resolution and the amount of external memory have significant positive effects on the utility of a model. Similarly, the provision of a floppy storage device and the presence of a self-timer significantly increase the utility of a model. The significant positive effect of floppy storage is consistent with the claim in the business press that Sony's introduction of models with floppy as the storage device was a key reason behind its success. However, the number of images that can be stored does not have a significant effect on the utility of a model. As expected, we find that price has a negative effect on the utility of a model. We now discuss the results pertaining to the brand choice part. Our estimates of the intrinsic growth parameters t α , were statistically indistinguishable from zero. Hence we do not report those estimates here. Essentially, this implies that controlling for the changes in the product line and the in the intrinsic brand preferences, effectively controls for growth in the category.
The parameter that captures the carryover of brand equity from period to period (CARRYOVER) is 0.9. This is consistent with our expectation that there should be a positive and significant carryover of the intrinsic brand preferences from period to period. The high carryover of the intrinsic brand preferences is consistent with the notion that "brand equity" is an enduring construct (Keller 1998) . The constant component of the intrinsic brand preferences that is invariant to marketing actions is highest for Sony and lowest for Casio. Advertising has a significant positive effect on the intrinsic brand preferences of Casio and Sony. However, the effect is not significant for Kodak or Olympus. Given that the carryover coefficient is 0.9, the long-term effect of advertising would be about 10 times the short-term effect. Hence, managers need to consider the total effect of advertising, including the long-term effect, while evaluating the effectiveness of their advertising campaigns. The significant positive effect of the holiday dummy variable (the parameter θ in Equation 8) indicates that holidays have a positive effect on the utility of purchasing the brands. Recall from our discussion in Section 2 that the scale parameter, m µ , should be greater than 1, which implies that the inverse should lie between 0 and 1. The estimate of the inverse of the scale parameter is 0.072 and thus satisfies this constraint. Moreover, since this value is close to zero (which implies that the scale parameter is high in magnitude) it implies that the correlation in the utilities of the models offered by the same brand is high.
As our approach explicitly accounts for all the models marketed by the competing brands, we can compute t he 46 x 46 matrix of cross price elasticities across all brand-models.
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Given the large dimension of this matrix, we computed, for illustrative purposes, the model specific price elasticities for four select models (one for each brand). The elasticities range from a high (in magnitude) of -1.356 (standard error of 0.283) for Casio QV70 to -0.888 (standard error of 0.162) in case of Sony MVCFD5.
Note that under the standard logit model, we would expect that high priced models would also have higher (in magnitude) own price elasticities. The fact that the lowest priced Casio QV70 model has the highest magnitude of own price elasticity implies that the nested logit and the heterogeneity structure impart sufficient flexibility to the model that it is not subject to the usual logit model restriction of elasticities being proportional to prices. Given that we can obtain model level price elasticities using our approach, researchers can potentially use this approach to estimate the demand side and then investigate the pricing strategies of the firms at the model level using a supply side model.
As the intrinsic brand preferences carryover from one period to another, the effect of advertising on the intrinsic brand preferences and hence on sales also carries over from period to period (see Equation
10
). We thus need to quantify the effect of advertising that encompasses both its contemporaneous and long-term effects. To this end, we evaluate the total advertising elasticity as follows. For each brand for which the advertising coefficient was significant, we increased the advertising expenditure in the first ten periods (one at a time) by an amount equal to 1% of that brand's average advertising expenditure over the 26 time periods. We then simulated the corresponding intrinsic brand preferences based on the estimates reported in Table 2 . Using these simulated brand preferences we obtained the simulated market shares of the brands conditional on the model parameters, attributes and prices. The difference between this and the actual market share would give the increase in market share due to the increased advertising expenditure, which when multiplied by the potential market size would yield the corresponding increase in sales. The increase in the brand's sales expressed as a percentage of that brand's sales during the period when advertising expenditure was raised is a measure of its short-term elasticity. Similarly, the total increase in sales over all the remaining periods expressed as a percentage of the corresponding total brand sales during this period would be a measure of total advertising elasticity. The short-term advertising elasticities for Casio and Sony are 0.036 (standard error of 0.007) and 0.084 (standard error of 0.0447) respectively. The corresponding total elasticities are 0.307 (standard error of 0.0786) and 0.715 (standard error of 0.433) respectively. These values are in line with those reported in Lodish et al (1995) , Assmus, Farley, and Lehmann (1984) , and Jedidi, Mela, and Gupta (1999).
Intrinsic Brand Preferences and Inclusive Values over Time
We present the intrinsic brand preferences and the inclusive values of the brands over time in Figures 2 and 3 respectively. The time trend in the intrinsic brand preferences reveals that while the brand preference for Casio follows a declining trend, the preference for Sony shows a significant increase over time. Specifically, one can observe a steep increase in the intrinsic brand preference for Sony in months 3, 4, and 5, the period when Sony launched the Mavica line of digital cameras with a floppy storage device. It is important to note that the direct effect of the floppy disc attribute on shares has already been controlled for via the inclusive value from the conditional model part. The intrinsic brand preferences of the other two brands Kodak and Olympus increase marginally over time. The significant drop in the brand preference for Casio may be attributed to its limited advertising support for the brand as can be seen from the relatively small advertising budget compared to its competitors (as seen in Table 1 ).
In addition, the advertising support for the brand declined steadily over time with over 85% of the total advertising expenditure spent during the first 10 months of the data.
The temporal pattern in the inclusive values reveals that the inclusive values of Sony and
Olympus increase significantly during the initial months of the data. The inclusive value of Sony reveals a steep increase during months 3 through 7, coinci ding with the launch of several Mavica models. While the inclusive value of Sony continues to increase steadily over time, that of Olympus drops marginally towards the end of the data. The inclusive value of Casio increases marginally during the period, with the value peaking during the 17th month of the data. The other brand, Kodak sees a steady increase in its inclusive value through out the data. Overall, all the four brands seem to have increased their inclusive values from the levels at the beginning of the data.
The above patterns in the intrinsic brand preferences and the inclusive values raise an interesting question: what is the effect of the dynamics in the intrinsic brand preferences on the sales of a brand relative to that of the dynamics in the inclusive values? Especially, given that the three brands, Kodak, Olympus, and Sony, which reveal an increasing sales trend also exhibit increases in both the intrinsic brand preferences and the inclusive values, it will be of interest to managers to ascertain which of these two contributed more to the increase in sales. Such an investigation can guide managers on which aspect is to be emphasized in order to improve performance of the brand.
In order to ascertain this, we performed two sets of simulations for each brand. In the first simulation, we computed the market shares and the corresponding sales of the brand if the intrinsic preference of the brand had been the same for the entire period as they were in the first period. We then obtained the difference between the actual observed sales of the brand and the simulated sales. The difference is a measure of the extra sales that can be attributed to the dynamics in the intrinsic preference for the brand. In other words the difference is a measure of the extent to which sales would have been lower had there been no dynamics in the intrinsic brand preference. A positive value of this measure at any period will imply a positive effect of the dynamics in brand preference during that period whereas a negative value would imply the opposite. We then performed the second simulation wherein the inclusive value of the brand was constrained to be the same as that in the first period. Once again, the difference between the true sales and the simulated sales can be attributed to the dynamics in the inclusive value.
12
We present the effects of the dynamics in the brand preference and the dynamics in the inclusive value on the unit sales of the four brands in Figures 4 though 7 . We also present the total effect (both positive and negative) of these dynamics in terms of unit sales in Table 3 . While the positive effect corresponds to the extent to which the dynamics contributed to increase in sales, the negative effect reflects the opposite. Hence, the net effect of the dynamics is the sum of the positive and the negative effects. All the four brands seem to have benefited from the increase in inclusive values over time. From Table 3 , we can see that Casio has gained the least at roughly 23,250 units over the 25 months.
13 Sony, which seems to have gained the most from the increase in its inclusive values, has gained roughly 10 times as much as Casio. The remaining two brands, Kodak and Olympus seem to have gained between 73,000 and 77,000 units in sales due to the dynamics in their inclusive values.
As discussed previously, the intrinsic preferences of all the brands except Casio exhibit an increasing trend over time, albeit to varying degrees. Correspondingly, these brands seem to have gained from the dynamics in their intrinsic brand preferences, as seen in Figures 5, 6 , and 7. However, these figures reveal that the effect of the dynamics in the intrinsic preference overwhelms that of the dynamics in the inclusive values in case of Casio and Sony. In case of Kodak and Olympus, the two effects are roughly the same. Further, as seen in Table 3 , while the net positive effect of the dynamics in the intrinsic brand preference and the dynamics in inclusive value are roughly the same in case of Kodak and
Olympus, in case of Sony, the effect of dynamics in brand preference is over 2.5 times that of the dynamics in the inclusive value. In case of Casio, the negative effect of the decline in its intrinsic brand preference is roughly 14 times that of the positive effect from the increase in its inclusive value.
Decomposing the Effects of the Drivers of Inclusive Value
From Equation 5, we can see that the inclusive value of a brand is primarily driven by three factors: a) the price of the models offered by the brand, b) the number of models offered by the brand, and c) the attractiveness of the attributes (other than price) of the models in the brand's product line. Hence, the inclusive value of the brand can be increased by lowering the price of its models, by increasing the attractiveness of model attributes, or just by offering more models without any enhanced benefits. Of these three, introducing new models with enhanced benefits would be the most profitable and also an indicator of the brand's innovativeness. As noted earlier, the prices of digital cameras declined steadily during the period of our analysis. Moreover, the number of models introduced by the brands increased steadily during this period. Hence, it would be interesting to investigate a) the contribution of the different drivers to the increase in sales and b) the proportion of the total effect that is attributable to the increase in attractivess of model attributes. In order to ascertain this, we performed the following simulations for each of the four brands.
(a)Recovering the Effect of Price Decrease
For each brand, we fixed the prices of all the models offered by the brand at the prices when the models were introduced. We then simulated the inclusive values and the corresponding sale s levels. The difference between the actual sales and the simulated sales would be a metric of the increase in sales that is attributable to the decrease in prices. We present these results in the first column of Table 4 . The results reveal that all the brands seem to have gained roughly the same amount in terms of unit sales due to price reduction. However, a comparison with the total increase in sales due to increase in the inclusive value (which includes the price effect) presented in Table 3 implies that in the absence of price reduction, the net effect of the increase in inclusive value would have been lower by about 21% in case of Casio. On the other extreme, in case of Sony, the contribution of price reduction to the increase in inclusive value was only 1.5%. Hence, the results reveal that during the period of our analysis, Casio (Sony) relied the most (least) of the four brands on price reduction as a driver of inclusive value.
(b) Recovering the Effect of Increase in the Number of Models
For each brand, we restricted the average utility of the models offered by the brand to be the same as the average utility of the models during the first period of analysis. We then computed the inclusive values and the corresponding sales for the brand with these restricted utilities, but with the actual number of models. This is tantamount to the brand just introducing new models without any modification in attribute benefits or price. For each brand, we also simulated the "base" sales with the inclusive value of the brand fixed at the same value as in the first period of analysis. The difference between these two simulated sales figures would be a measure of the contribution of increase in the number of models to increase in sales. We present these results in the second column of Table 4 . These results reveal that for all the brands except Casio, the effect of increase in the number of models is higher than that of decrease in prices. Of the four brands, Olympus gained the most from adding more mode ls to its portfolio while Casio relied the least. This is partly due to Casio and Kodak being in the market with several models before the entry of Olympus and Sony. The number of Casio models increased from 6 to 13 during the period of analysis whereas Olympus had a slightly steeper increase in the number of models from 1 to 9.
The change in the sales of the brands is approximately proportional to the natural logarithm of the ratio of the number of models in subsequent time periods to the number in the initial time period. Since this ratio is the smallest for Casio we find that this brand benefits the least from increasing its number of models.
(c) Recovering the Effect of Enhanced Attributes
For each brand, similar to the case above, we simulated the sales when the average utility of the models would be the same as in the first period. However, in addition to allowing for variation in the number of models, we also allowed for the prices of the models to vary over time as in the data. The difference between these simulated sales figures and the actual sales of the brand would be a measure of the contribution of the enhanced attributes to the increase in sales. We present these results in the third column of Table 4 . Of the four brands, Sony has gained the most from the introduction of enhanced attributes during the period of our analysis, while Casio gained the least. In fact, the sales gained by Sony due to the introduction of enhanced attributes is more than the corresponding gains of the remaining three brands put together. In order to assess the contribution of the enhanced attributes relative to that of the other drivers of inclusive value, we express it as a percentage of the total contribution of the three drivers in the last column of Table 4 . Of the four brands, Sony was the most innovative with roughly 90% of the contribution of the three drivers coming from the introduction of enhanced attributes. Kodak comes a close second with about 81% contribution from the introduction of advanced benefits. However, in case of Casio, less than half the total contribution may be attributed to its innovativeness.
Effect of Increasing Advertising Expenditures
Given our finding in the previous section that the dynamics in the intrinsic brand preference have a dominant effect on sales, managers would be interested in finding means to increase the intrinsic preference for their brand. Since advertising has a significant positive effect on the intrinsic brand preferences and is thus an important driver of these preferences, managers can increase the intrinsic preference for their brands by increasing their advertising expenditures. However, we need to evaluate if such an increase in advertising expenditure can be justified in terms of increased profitability. In order to evaluate if an increased advertising expenditure would be a worthwhile strategy, we performed the following simulation for the two brands, Casio and Sony, which had significant advertising response coefficients. For each brand, we increased the advertising expenditure by 1% and simulated the corresponding intrinsic brand preferences and hence the corresponding sales and market shares. 14 The difference between the simulated and actual sales would give the incremental sales due to the change in advertising policy. We then multiplied the incremental sales by the weighted (by market share) average price of the models offered by the brand during that period to obtain the increase in revenue due to the increase in advertising. We present a summary of the cumulative increase in advertising, and the resulting cumulative increases in unit sales and revenue over the period of the data in Table 5 . These results reveal that Sony gains more, both in terms of increase in unit sales as well as i n terms of percentage change in sales, from the increase in advertising expenditure compared to Casio. However, it
should be noted that a 1% increase in the advertising expenditure in case of Sony is about 13 times that of a corresponding increase in case of Casio. In both the cases, the increase in revenue that would accrue from the increased advertising expenditure exceeds the extra expense. While this may look attractive, we should note that only a fraction of the increased revenue would translate into extra profit for the firm.
Assuming a 10% profit margin, we computed the increase in profits due to the change in advertising policy. 15 Under this assumption, the increase in advertising may be profitable for both Casio and Sony.
Further analysis revealed that while Casio could have recovered the total extra advertising expense within the first two months of the data, Sony would have done so in eight months. Overall, our analysis implies that it would be worthwhile for Casio and Sony to increase their advertising expenditures. Especially, the small advertising budget of Casio coupled with its declining sales and market share triggered by a decline in its intrinsic brand preference, provide sufficient grounds for increasing its advertising outlay.
Effect of Exogenous Changes in Model Attributes
One of the characteristics of our model is that we can estimate the effect of modifying the level of a product attribute on brand sales. Specifically, we take the perspective of a Casio manager. Faced with declining sales, the manager needs to find ways of improving the brand's performance. Our analysis above revealed that the decline in Casio's sales may be attributed to the decline in brand preferences.
Moreover, our results in the previous subsection reveal that Casio can increase its advertising expenditure and still be profitable. An alternative way of improving the brand's performance would be to introduce a new model with modified attributes. Such a modification will have a positive effect on the inclusive value of the brand and thus increase its attractiveness to consumers.
In order to evaluate the effect of changes in product attributes on brand sales, we modified one feature of Casio QV120 model at a time to mimic that of some of the best selling models of Sony, Kodak, and Olympus. This is akin to Casio withdrawing the QV120 model and introducing a new model with the enhanced attributes. We then computed the revised mean utilities with the modified attribute level as in
Equation 11. The new inclusive values were then obtained by plugging in the revised mean utilities in
Equation 5. We obtained the extra sales and revenue that would accrue from the product attribute modification as discussed in the previous subsection. We present the actual and the modified levels of each attribute and the corresponding effect of such a modification in terms of increase in sales and revenues for the Casio brand as a whole in Table 6 . Of the three product attribute modifications, the addition of floppy has the greatest impact in terms of extra sales generated. This product modification could potentially increase the Casio brand sales by about 12,500 units. Note that this is the increase in sales of Casio due to consumers switching from other brands as well as from the outside alternative and hence does not deal with the cannibalization from other Casio models. This sales increase is thus the net gain to Casio. A comparison of this increase in sales with the total net effect of the increase in the inclusive value (in Table 3 In order to evaluate if such product developments would be profitable, we need to consider the extra revenues such a development would generate. A product modification to incorporate a floppy storage device would increase Casio's revenues over the 26-month period by approximately $3.5 million.
Assuming a l0% profit margin, and a 26-month horizon to recover the cost of product development, this product modification would be profitable if the total cost of devel opment were less than $350,000.
However, it is possible that the floppy disk storage facility may be introduced in more than one model with a marginal increase in development cost. Such a scenario would make the product modification profitable even if the development costs were higher. Moreover, it may be possible to modify the new product's pricing so that it would yield higher profits, which may permit a higher development cost. A similar analysis can be performed in case of other product attributes. Hence, explicitly modeling the tradeoffs between product attributes would be helpful in evaluating the impact of product development on long-term profitability (see Ofek and Srinivasan 2002) .
Managerial Implications
Our results provide several key insights to managers in the digital camera category. We find that both intrinsic brand preferences as well as product line effects influence the sales of the 4 major brands in the market albeit to different levels across the brands (Table 3) . For Sony, we find that the changes in product line (that contribute to dynamics in inclusive value) as well as changes in intrinsic brand preferences are the largest in the category, with the latter effect being about twice the size as the former effect in relative terms. At the other extreme, for Casio we find that although the launch of new models, lower prices and enhanced attributes, contribute positively to its sales, the decline in intrinsic brand preferences swamps any positive effect of the improvement in incl usive values. For these brands, managers need to devote sufficient resources to building their brand preferences especially since these brands' preferences exhibit a significant response to advertising. The steep decline in the performance of Casio and the ascent of Sony to market leadership underscore the importance of advertising support.
Indeed, our simulations reveal that Casio and Sony can further increase their profits by increasing their advertising budgets. For Kodak and Olympus we find that the product line effect is marginally higher than the corresponding effects of the intrinsic brand preferences. We also find that Sony has gained significantly by introducing innovative new products (for example, floppy disk storage). Moreover, our simulations reveal that Casio could have performed better had it incorporated some of the attributes offered by its rivals into its products. Hence, augmenting the product line with models that have enhanced product attributes can be another means of strengthening the performance of a brand.
DISCUSSION OF MODEL AND ROBUSTNESS CHECKS
As described above, our model specification accounts for the effects of product attributes and marketing mix effects on the purchases of different models sold by competing brands in the market.
Further, we account for heterogeneity in brand preferences and for price endogeneity. Additionally, our specification allows us to measure time-varying preferences for the brands and the effects of advertising on these preferences. And it allows us to deal with the addition and deletion of models from a brand's product line.
Notwithstanding the above advantages, our approach suffers from three key limitations.
1) The effects of model attributes are assumed to be time invariant, i .e., β in Equation (11) is not subscripted by time. Previous studies (Neelamegham and Chintagunta 2004) have found that there is some variation in attribute preferences over time, however, accounting for this issue required those authors to aggregate models to the brand level. Our Kalman Filter based approach is difficult to implement at the model level due to the entry and exit of models. Nevertheless, it is important to assess the robustness of our results to this assumption.
2) Advertising has been assumed to be exogenous. In principle, accounting for endogeneity in advertising can be addressed as we show below. However, building it into the model formulation and estimation described in the previous sections complicates the exposition considerably. Since we did not find a big impact of accounting for advertising endogeneity, we have chosen to present the results from an analysis that includes this effect as a robustness check.
3) We do not account for consumer heterogeneity in their preferences for model attributes and prices in the conditional model choice part. The inclusion of heterogeneity in attribute preferences complicates the estimation of the conditional model shares. To see this, we first write out the unconditional market share of model j offered by brand b at time t, s jbt by integrating the probability in Equation 1 over the distribution of consumer heterogeneity as follows
In the absence of heterogeneity in the attributes and price effects, the above equation factorizes as follows:
In the above expression, s bt is the marginal share of brand b and s jbt|b is the share of model j in time t conditional on brand b being purchased. Note that s bt depends upon the denominator of the expression for s jbt|b in Equation 13 (the inclusive value term), whic h in the absence of heterogeneity, is the same for all draws of the heterogeneity distribution in Equation 14. This factorization enables us to separate the estimation of the conditional model choice parameters from the estimation of the brand choice parameters. It is this separation that facilitates the use of the Kalman filter approach to account for timevarying preferences for the brands. However, the presence of consumer heterogeneity in the model attributes would imply that we cannot factorize the expression in Equation 14 anymore. 16 This implies that the Kalman filter approach is no longer feasible due to the varying numbers of models for the various brands in different time periods. In order to circumvent this problem, we need to assume that consumers are homogenous in their preferences for model attributes. Nevertheless, we need to assess the consequences of this omission from the model.
Assumption of Time-Invariant Attribute Preferences
16 This is because while the market shares need to satisfy the condition s jbt =s bt x s jbt|b ,
In order to evaluate if our assumption of time invariant attribute preferences will affect the substantive findings, we estimated a model with a linear and quadratic time trend in attribute preferences. 
Assumption of Exogenous Advertising Expenditures
We estimated the brand choice part of the model while correcting for the potential endogeneity of advertising. In order to accomplish this, we estimated the brand choice part of the model using the control function approach (Petrin and Train 2004) , which accounts for the endogeneity of the advertising variable. Specifically, in a first stage, the endogenous variable (advertising) is regressed on its instruments (in our case product attributes and their combinations). The residual from this regression is then introduced as an additional regressor in the brand level model estimation. The results from this analysis revealed that the parameter estimates for the brand choice part did not change significantly upon accounting for the endogeneity of advertising. Moreover, the substantive results remained largely unchanged. For example, after accounting for the potential endogeneity of advertising, the short-term advertising elasticities for Casio and Sony were 0.051 (standard error of 0.008) and 0.093 (standard error of 0.046) respectively. The corresponding total elasticities were 0.425 (standard error of 0.0813) and 0.788 (standard error of 0.498) respectively. These advertising elasticities are not significantly different from those obtained under the assumption of exogenous advertising. Hence, we conclude that assuming the advertising variable to be exogenous will not affect our main conclusions.
Assumption of homogenous attribute preferences
As described previously , accounting for heterogeneity in preferences is not straightforward. To check for robustness we estimated a standard random coefficients logit model with an outside good (e.g., Sudhir 2001) which allowed for such heterogeneity but ignored the dynamics in brand preferences.
Recall that the problem with estimating the proposed model was the complication rendered by the varying number of brand-models while estimating the dynamics in brand preferences using the Kalman filter.
Hence we had to estimate the parameters of the logit specification. We then compared the estimation results with those from a similar logit model that did not account for heterogeneity. The estimation results revealed that substantive conclusions about elasticities are similar across these specifications. Hence, we conclude that the restrictions implied by our specification are unlikely to substantially change the nature of conclusions we draw from the model.
CONCLUSIONS
We develop a model that accounts for the effects of changes in the portfolio of models offered by a brand and in the intrinsic brand preferences on the performance of the brand. Our modeling framework is based on a nested logit model of brand and conditional model choice. By integrating a state space model based on the Kalman filter with the nested logit model, we can study the dynamics in both the intrinsic brand preferences and in brands' product portfolios. Although set in the context of technology product markets, our model is flexible enough to be used with data from consumer-packaged goods markets. Our research addresses the following managerial questions: a) What are the relative importances of intrinsic brand preferences, prices, product attributes, and number of models in driving the performance of a brand? b) Does advertising play an important role in driving preferences? c) If so, would it pay for brands to increase advertising spending? d) Under what circumstances would it be profitable for brands to engage in product development efforts that would lead to an improvement in the attributes of some of the existing models?
We find that intrinsic brand preferences have a much bigger effect on the performance of the brand than the inclusive value which reflects model level prices and product attributes. Further, we find that some brands can increase their advertising expenditures and still increase their profitability. Together, these results call for the brands in this market to reevaluate their advertising strategy. Specifically, Casio, which has a relatively small advertising budget compared to the other leading players in the market, could have done better by increasing its advertising investments. Moreover, our analysis of the potential profit impact that would accrue from Casio improving some of i ts product attributes demonstrates the usefulness of our model in evaluating the feasibility and importance of such developmental efforts.
Our approach is subject to several caveats and limitations addressing which may open up avenues for future research. Although we found that our substantive results are robust to dynamics in attribute preferences, our framework does not account for the dynamics in the consumer valuation of individual attributes in any general way. The varying number of models offered by a brand in different time periods complicates such an analysis. Although our framework can accommodate entry and exit of models, it cannot easily be adapted to situations where brands enter or exit the market. Adding flexibility to our model along these lines may be worthwhile. Additionally, while we model the effects of advertising on the intrinsic brand preferences, data limitations do not permit the decomposition of the role that advertising plays in informing consumers about new models from that of persuading consumers to buy the existing product line. Such research objectives may be more easily pursued if one had access to consumer level data rather than the aggregate data at our disposal.
In sum, we have proposed a framework that integrates a nested logit model with a Kalman filter approach for studying the effects of time-varying preferences, prices, product attributes and number of unique models on the performance of brands in a technology product market. We hope that relative ease in implementing our approach will lead to more empirical work with such product categories. 
